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2 
Determination of a set of surrogate parameters to assess urban stormwater 
quality 
 
 
ABSTRACT 
This paper presents the outcomes of a research project, which focused on developing 
a set of surrogate parameters to evaluate urban stormwater quality using simulated 
rainfall. Use of surrogate parameters has the potential to enhance the rapid generation 
of urban stormwater quality data based on on-site measurements and thereby reduce 
resource intensive laboratory analysis. The samples collected from rainfall 
simulations were tested for a range of physico-chemical parameters which are key 
indicators of nutrients, solids and organic matter. The analysis revealed that [total 
dissolved solids (TDS) and dissolved organic carbon (DOC)]; [total solids (TS) and 
total organic carbon (TOC)]; [turbidity (TTU)]; [electrical conductivity (EC)]; [TTU 
and EC] as appropriate surrogate parameters for dissolved total nitrogen (DTN), total 
phosphorus (TP), total suspended solids (TSS), TDS and TS respectively. 
Relationships obtained for DTN-TDS, DTN-DOC, and TP-TS demonstrated good 
portability potential. The portability of the relationship developed for TP and TOC 
was found to be unsatisfactory. The relationship developed for TDS-EC and TS-EC 
also demonstrated poor portability.  
 
Keywords: Stormwater quality monitoring; Surrogate parameters; Urban water 
pollution; Urban water quality  
 
1 Introduction 
 
The degradation of the receiving water quality due to polluted urban stormwater 
runoff has significant impacts on human and ecosystem well-being (Zoppou, 2001). 
Current stormwater pollution mitigation strategies are primarily in the form of best 
management practices including structural measures such as detention basins, 
wetlands, grass swales and gross pollutant traps (Scholes et al., 2008). However, the 
appropriate design of best management practices and their treatment performance is 
subject to inherent uncertainties and has the potential to lead to gross errors (Bertrand-
Krajewski et al., 2002). These uncertainties primarily stem from the lack of in-depth 
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understanding of key processes, namely, pollutant build-up and wash-off and the lack 
of reliable data for calibration and validation of analytical tools (Bertrand-Krajewski, 
2007; Freni et al., 2009; Gaume et al., 1998; Sansalone & Cristina, 2004). 
 
Both, the paucity of knowledge on key pollutant processes and the scarcity of reliable 
data for calibration and validation of analytical tools can be primarily attributed to the 
constraints inherent in the implementation of stormwater quality monitoring programs 
(Kanso et al., 2003; Martinez, 2005) and the often limited and simplistic analysis of 
large data sets containing multiple variables and correlationships between different 
variables (Herngren et al., 2005a). Investigation of a large number of parameters is 
time consuming and resource intensive (Kayhanian et al., 2007; Thomson et al., 
1997). Also, cost effective and robust methods for the continuous measurement of 
pollutant concentrations are not yet fully developed (Grayson et al., 1996).  
 
The above limitations are further compounded by the fact that the lack of in-depth 
understanding of key pollutant processes such as pollutant build-up and wash-off 
makes modelling outcomes questionable. As Bertrand-Krajewski (2007) has noted, 
many models are over-parameterised. Consequently, model calibration and validation 
and consequently, model outputs significantly depend on the data sets used. An 
approach that has been suggested to overcome this limitation is the use of large data 
sets incorporating many contexts and conditions to reflect as much as possible, the 
natural variability of the phenomena observed (Bertrand-Krajewski, 2007; Freni et al., 
2009). However, this brings back into focus issues such as the resource intensive 
nature of stormwater quality monitoring programs and uncertainties associated with 
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the data generated from such monitoring programs (Bertrand-Krajewski et al., 1993; 
McCarthy et al., 2008). 
 
A pragmatic approach is to identify a suite of easy-to-measure parameters to act as 
surrogate parameters which can be correlated to water quality parameters of interest. 
The relationships between key water quality parameters and surrogate parameters 
provide a convenient approach to evaluate water  quality directly, without having to 
carry out resource intensive laboratory experiments. Additionally, the adoption of a 
limited number of easy-to-measure parameters will enable greater quality control in 
data collection. Furthermore, it will facilitate model application and calibration by 
contributing to overcoming constraints identified in research literature in relation to 
water quality models (Bertrand-Krajewski et al., 1993; Kanso et al., 2003; Lindblom 
et al., 2007; Wagener & Gupta 2005).  
 
However, the feasibility of this approach depends on the quality of correlations 
between these sets of parameters and the assessment of the uncertainty in surrogate 
relationships (Grayson et al., 1996). Research studies have been carried out previously 
to identify surrogate parameters for key urban stormwater quality parameters (for 
example Settle et al., 2007). However, these studies have had limited success in 
developing statistically acceptable relationships, thereby limiting the transferability 
between catchments. This is primarily due to constraints which arise from the use of 
natural rainfall data and catchment scale studies (Goonetilleke et al., 2009; Herngren 
et al., 2005b). Furthermore, most approaches failed to demonstrate the possible 
uncertainties associated with surrogate relationships.   
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The research study discussed in this paper has identified surrogate parameters for 
nutrients and solids which are important stormwater pollutants, using rainfall 
simulation and small homogeneous plots. Based on the outcomes of the data analysis, 
significant correlations among the measured water quality parameters were identified. 
Additionally, mathematical relationships were derived between the selected surrogate 
parameters and the key water quality parameters of interest. Finally, the issue of 
portability of the developed surrogate parameter relationships was investigated by 
validating the relationships using a data set obtained from a different area. 
 
2 Materials and Methods 
 
2.1 Study sites 
 
The study sites were located at Gold Coast, Queensland State, Australia. Two road 
surfaces were identified as study sites as roads are a significant contributor of 
pollutants to urban stormwater runoff (Egodawatta et al., 2007; Herngren et al., 
2005a). The study sites were located at Drumbeat Street and Ceil Circuit at Coomera, 
which is a typical urban residential suburb. The study sites are access roads with 
detached family houses with small gardens typical for the region. The selection of 
study sites from a single urban land use was based on the hypothesis that physical 
processes underlying pollutant build-up and wash-off are independent of land use, 
whereas only loads and pollutant species are site specific (Herngren et al., 2005a). 
However, it is important to note that the transferability of parameter relationships 
between different geographical locations may not necessarily be straight forward. It is 
essential that the underlying uncertainty is always assessed in order to make a 
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conscious choice in terms of decision-making. The transferability of relationships is 
further discussed in Section 3.4 below. 
 
2.2 Rainfall simulation 
 
A specially designed rainfall simulator (Figure 1) was employed for the 
investigations. The rainfall simulator was designed to closely replicate the drop size 
distribution and rain drop kinetic energy as these have been identified in research 
literature as the primary parameters which characterise a rainfall event (Herngren 
2005; Hergren et al., 2005b). The rainfall simulator consists of three Veejet 80100 
nozzles connected to a nozzle boom such that the nozzle spray height is 2.4 m above 
ground level. It has been estimated that this height is adequate for creating terminal 
velocities similar to natural rainfall for all drop sizes (Duncan, 1972). The nozzle 
boom swings in either direction with controlled speed and delay. Speed and delay of 
the rainfall simulator was calibrated to replicate a selected set of rainfall intensities 
which are typical to the study region (Herngren 2005; Hergren et al., 2005b).  
 
De-mineralised water was spiked to replicate typical rainfall quality in the study 
region in relation to pH, electrical conductivity and dissolved organic carbon. 
Research literature has identified the significant influence exerted by these parameters 
in relation to water quality (Herngren 2005; Hergren et al., 2005b). The water was 
supplied to the nozzle boom by pumping from an externally located tank during 
simulations. A pressure of 41 kPa was used, which in past literature has been found to 
be the most appropriate pressure for the Veejet 80100 nozzle to create a drop size 
distribution close to natural rainfall (Bubenzer, 1979).  
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The runoff collection system was designed for a 2 m x 1.5 m plot area which was 
connected to a collection trough. The runoff plot area size was chosen to ensure that 
optimum rainfall uniformity was achieved. Detailed description of the design of the 
rainfall simulator can be found in Herngren (2005). A domestic vacuum system was 
used to collect the road surface wash-off from the collection trough. The validity of 
this approach has been confirmed in previous research studies (Egodawatta et al., 
2007; Herngren, 2005).  
 
Insert Figure 1 
 
The use of rainfall simulation provides greater flexibility and control of fundamental 
rainfall parameters such as intensity and duration. It helps to eliminate the variability 
associated with natural rainfall, which inherently increases the complexity of 
stormwater quality research. This is due to the random nature of occurrence of rainfall 
events which makes data collection difficult and the high variability of rainfall 
characteristics which constrains the development of fundamental concepts and the 
transferability of research outcomes. Additionally, the use of small test plots enables 
the acquisition of more reliable data due to the homogeneity of the study surfaces. It 
helps to reduce the number of variables to minimise the location specific nature of 
research outcomes which is common in catchment scale studies due to heterogeneity 
of the surfaces.   
 
2.3 Sample collection and testing 
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A stretch of roadway of average surface condition was selected at each study site for 
the rainfall simulations. The plot areas were selected equidistant from the centre of the 
median strip and the kerb to maintain consistency. As the amount of pollutants 
washed-off is dependent on the build-up, it was necessary to standardise the wash-off 
data for the data analysis. For this purpose, a build-up sample was also collected from 
a similar size plot area used for wash-off investigations. The build-up samples were 
collected using the same wet vacuum system used for the wash-off sample collection. 
Prior to the use of the vacuum system in the field, the collection efficiency was 
evaluated and found to be 95%, which was considered satisfactory. 
 
The selection of rainfall intensities and durations were based on regional rainfall data 
for the study area. Sample collection was carried out for six simulated rain events with 
average intensities ranging from 20 mm/hr to 135 mm/hr and durations ranging from 
20 min to 40 min as shown in Table 1. The time step for sampling was the same as the 
rainfall durations. The entire volume of wash-off was collected in 25 L drums 
initially. These were then transported to the laboratory for subsequent mixing using a 
churn splitter to form event mean concentration samples. A total of 34 wash-off 
samples and two build-up samples were collected from each study site. Two wash-off 
samples were discarded from each site due to problems in sample collection.  
 
Insert Table 1 
 
Both total and filtrates of wash-off samples and the build-up sample were analysed for 
electrical conductivity (EC), turbidity (TTU), total suspended solids (TSS), total 
dissolved solids (TDS), total solids (TS), total organic carbon (TOC), nitrite nitrogen 
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(NO2-), nitrate nitrogen (NO3-), total kjeldahl nitrogen (TKN), total nitrogen (TN), 
phosphate (PO43-) and total phosphorus (TP). All laboratory analyses except for TKN 
and TP were carried out according to methods specified in APHA (2005). The TKN 
and TP analysis was carried out according to the USEPA methods (1993, 1983).  
 
2.4 Data analysis  
 
Data analysis was primarily carried out using two common multivariate data analysis 
techniques; Principal Component Analysis (PCA) and Partial Least Squares 
regression (PLS). PCA has been widely used as a pattern recognition technique in 
numerous water quality research studies (for example Settle et al., 2007). In the PCA 
biplot, vectors representing parameters which form an acute angle are considered as 
correlated parameters and those which are perpendicular are considered as 
uncorrelated. PLS is a well known factor analysis method which is principally applied 
for prediction. Detail description of PCA and PLS and its applications can be found in 
research literature (for example Kim et al., 2007; Kokot and Phuong 1998).  
 
3 Results and Discussion 
 
The data analysis was carried out in several stages. Firstly, potential surrogate 
parameters were identified for key water quality parameters using PCA. Secondly, the 
suitability of selected parameters as surrogate parameters was evaluated using PLS. 
Thirdly, mathematical relationships were derived between selected surrogate 
parameters and key water quality parameters of interest. Finally, the developed 
relationships were evaluated for portability.  
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Prior to analysis, the data was pre-processed to remove skewness which would affect 
the statistical significance of results (Kokot and Phuong, 1998). The pre-processing 
consisted of a number of steps. Firstly, the parameter values (concentrations) below 
detection limit were set to half of the detection limit of the equipment used. Then the 
parameter values obtained for the two sites were standardised by dividing by the 
build-up load collected at each site. This was to eliminate any bias being introduced 
into the calculations in relation to pollutant concentrations due to differing build-up 
loads from the different sites. As confirmed by the data given in Table 2, there were 
significant differences in pollutant build-up loads between sites. The pollutant 
concentration values used for analysis were in the form of mg/L/g of build-up load. 
 
Insert Table 2 
 
The data matrix consisted of 68 objects (wash-off samples) with 34 samples being 
generated from each study site and 19 variables (physico-chemical parameters) as 
outlined in Section 2.3 above. In order to eliminate ‘noise’ which may interfere in the 
analysis, the raw data was subjected to autoscaling. Autoscaling involved y-mean 
scaling followed by standardisation of the variables. Further details on autoscapling 
can be found in Purcell et al. (2005), Settle et al. (2007), Zhang et al. (2006). This 
ensured that all the variables have equal weights in the analysis. Finally, the pre-
treated data matrix was subjected to Hotelling T2 test to identify atypical data values 
or outliers. These values were removed from the data matrix prior to further analysis.  
 
3.1 Identification of potential surrogate parameters 
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StatistiXL Version 1.5 software was used for undertaking the PCA (Roberts and 
Withers, 2004). Among the parameters measured, EC, TTU, TSS, TDS, TOC and 
DOC were considered as the easiest to measure set of parameters. Several researchers 
have noted that these have the potential to act as surrogate parameters for other key 
water quality parameters such as nitrogen and phosphorus (for example Han et al., 
2006; Settle et al., 2007). Therefore, attention was given to identifying correlations for 
nitrogen and phosphorus compounds with EC, TTU, TSS, TDS, TS, TOC and DOC. 
In addition, analysis was also carried out to identify the potential surrogate parameters 
for TSS, TDS and TS using EC and TTU. Figure 2 gives the PCA biplot obtained.  
 
Insert Figure 2 
 
Figure 2 leads to the following conclusions:  
• TNO3, DNO3, TNO2, DNO2, TN, DTN, TKN and DKN are strongly correlated 
to each other (Group 1); 
• TPO4, DPO4, TP and DTP are strongly correlated to each other (Group 2); and  
• TSS, TDS and TS are strongly correlated to each other (Group 3). 
 
Research literature recommends confirmation of the visual correlations evident in 
PCA biplots with a correlation matrix (Rahman et al., 2002). The correlation matrix 
resulting from the PCA shows the degree of correlation among the parameters (Table 
3). Variables with a correlation coefficient >0.50 was considered as strongly 
correlated parameters. The variables with a correlation coefficient in the range of 0.35 
- 0.50 were considered as parameters with some correlation. All phosphorus 
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compounds (TPO4, DPO4, TP and DTP) are strongly correlated to each other with a 
correlation coefficient >0.90. Similarly, all nitrogen compounds show strong 
correlation to each other with correlation coefficients in the range of 0.35 - 0.99. 
 
Insert Table 3 
 
Based on the observations derived from the PCA biplot and the correlation matrix, 
potential surrogate parameters were identified for the following:  
• Group 1: For all nitrogen compounds; 
• Group 2: For all phosphorus compounds; and 
• Group 3: For TSS, TDS and TS. 
 
3.1.1 Identification of potential surrogate parameters for nitrogen compounds  
Nitrogen compounds in the wash-off at both study sites are mostly available in 
dissolved form. As evident in the data given in Table 4, on average only 20% - 32% 
of TN is available as particulate nitrogen at both study sites. Therefore, DTN was 
selected as the representative parameter for all nitrogen compounds on the basis that 
the surrogate parameters identified for DTN would also be suitable surrogate 
parameters for the other nitrogen compounds. 
 
Insert Table 4 
 
Based on the PCA biplot (Figure 2) and correlation matrix (Table 3), TDS and DOC 
were identified as parameters which are most closely correlated with DTN and were 
deemed as an easy to measure set of parameters. As evident in Figure 2, DTN is 
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strongly correlated to DOC and also confirmed by the high correlation coefficient of 
0.903. Therefore, DOC could be a potential surrogate parameter for DTN. Similarly, 
DTN is correlated to TDS with a correlation coefficient of 0.556. Therefore, TDS was 
also selected as a potential surrogate parameter for DTN and the validity of this 
selection was assessed in the PLS analysis.  
 
Research literature has recommended that observations derived from PCA biplots and 
correlation matrices should be supported by the exploration of the raw data matrix (for 
example Kokot and Phuong, 1998). This was found to be the case, as it was noted that 
DTN concentration in each of the wash-off samples decreased with decreasing DOC 
and TDS concentrations. Hence, TDS and DOC could be considered as surrogate 
indicators for DTN. This is further supported by the findings of Zeng and Rasmussen 
(2005), who noted that TDS can be used as an indicator measurement of nitrogen 
concentrations. Furthermore, past research has noted the strong correlation of DOC 
with TKN (Han et al., 2006; Zeng and Rasmussen, 2005).  
 
3.1.2 Identification of potential surrogate parameters for phosphorus compounds  
Total phosphorus (TP) and phosphates (PO43-) are the key indicator parameters of 
phosphorus in urban stormwater runoff. As evident in Figure 2 and Table 3, all 
phosphorus compounds are strongly correlated to each other. Among the phosphorus 
compounds, particulates were dominant at both study sites (see Table 5). Past research 
has also noted similar results for runoff from urban impervious surfaces (for example 
Zhao et al., 2007). Therefore, TP was selected as the representative parameter for all 
phosphorus compounds.  
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Insert Table 5 
 
According to Figure 2, TOC and TS are the most closely correlated parameters for TP 
which is further confirmed by correlation coefficients of 0.757 and 0.693 respectively 
(Table 3). Furthermore, observing the raw data matrix it was noted that for both study 
sites, TP decreases with the decrease in TS and TOC concentrations. Past research has 
found that particulate organic matter can be highly correlated with particulate 
phosphorus (for example Krongvang, 1992). Therefore, TS and TOC can be 
considered as surrogate indicators for TP in urban stormwater runoff.  
 
3.1.3 Identification of potential surrogate parameters for TSS, TDS and TS 
TSS, TDS and TS are the key indicator parameters of solids. These are relatively easy 
to measure in comparison to other water quality parameters. However, there are 
monitoring programs which focus on measuring solids concentrations and the 
transport rate of solids, which can vary rapidly (Lewis, 1996). In this context, as the 
frequency of data collection is important, determining solids concentrations using 
conventional laboratory techniques can be impractical and expensive. Instead, the 
identification of easy to measure surrogate parameter/s such as EC and TTU for TSS, 
TDS and TS is worthy of consideration. 
 
Figure 2 shows clearly the correlation of TSS, TDS and TS with EC and TTU. 
According to Table 3, TSS and TTU have a correlation coefficient of 0.553. 
Observing the raw data matrix, it was noted that TSS decreases with decreasing TTU 
for all the intensities, thus confirming the correlation between these parameters. 
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Turbidity can provide the most direct measure of the solids concentration. This offers 
an approach which is applicable for direct field based measurement of TSS.  
As evident in Table 3, TDS and EC have a correlation coefficient of 0.436 which 
suggests the possibility of considering EC as a surrogate for TDS (Zeng and 
Rasmussen, 2005). TDS represents dissolved solids which are both organic and 
inorganic forms of pollutants including both, positively and negatively charged ions. 
On the other hand, EC is a measure of the number of charged particles. As seen in 
Figure 2 and Table 3, TS shows some correlation with TTU and EC with correlation 
coefficients of 0.370 and 0.414 respectively. Therefore, as discussed above, TTU and 
EC are potential surrogate parameters for TSS and TDS respectively. Hence, there is a 
possibility of using TTU and EC as surrogate parameters for TS.  
 
3.2 Validation of selected surrogate parameters using PLS 
 
Table 6 gives the summary of potential surrogate parameters identified for nitrogen, 
phosphorus and solids. To assess the validity of this selection, PLS regression was 
employed. For this purpose, a number of relationships were developed between the 
identified surrogate parameters and key water quality parameter of interest. PLS 
analysis was carried out using PRS Sirius 7.1 software.  
 
Insert Table 6 
 
PLS relates one or more response variables (denoted Y) to two or more predictor 
variables (denoted X) in the model development. Therefore, PLS model development 
was not performed where only one parameter is acting as a surrogate parameter. For 
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example, only TTU was found to be a surrogate parameter for TSS (Table 6) and 
accordingly no model was developed. The PLS model was developed using the ‘leave 
one sample out at a time’ cross validation method (Aguilera et al., 2000).  
 
The number of principal components needed to develop the model were identified by 
examining the decrease in the pattern of the standard error of cross validation (SECV) 
plot which is a function of the error versus the number of principal components (Kim 
et al., 2007). The error of the model is indicated by the SECV value. Regression 
coefficient (R2) was used to indicate the precision achieved in calibration. Both SECV 
and R2 are commonly used statistical parameters for determining the predictive ability 
of a calibration. Low SECV with high R2 indicates excellent validity of the calibration 
model (Dunn et al., 2002; Faber and Kowalski, 1997). More details of these statistical 
parameters are available elsewhere (for example Faber and Kowalski, 1997). 
 
In order to estimate the predictive power, the validity of the model was further 
explored by undertaking external validation. In this context, coefficient of 
determination (r2) and Standard Error of Performance (SEP) were adopted as 
statistical parameters to determine the overall fit of the model. The best calibration is 
the one with the highest r2 and the lowest SEP (Dunn et al., 2002). Table 7 summaries 
the results for all the developed models. 
 
Insert Table 7 
 
Researchers such as Dunn et al. (2002) and Williams, (1987) have noted that the sole 
dependency on statistical measures such as SECV, R2, SEP and r2 for validation could 
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lead to misleading interpretations. It has been suggested that the use of the ratio of the 
standard deviation of the Y variable in the validation set to SEP which is known as 
RPD [Ratio of (standard error of) Performance to (standard) Deviation] can give 
additional information which defines the quality of the model (Batten, 1998; 
Campbell et al., 1997; Dunn et al., 2002; Williams, 1987).  
 
However, research literature does not provide guidance on threshold levels for RPD. 
The acceptable values depend on the intended application. According to Malley et al. 
(1999) in agricultural applications RPD>3 is considered as acceptable and RPD>5 is 
considered as excellent. Dunn et al. (2002) noted that suitable limits for RPD as <1.6 
as poor, 1.6 - 2.0 as acceptable, and >2.0 as excellent in the analysis of soils for site 
specific agriculture. However, guidance on RPD values to define PLS models relating 
to water quality is rare. In this research study, models with RPD>3 were considered as 
good and RPD value in the range of 1.4 - 3.0 was considered as acceptable.  
 
The following conclusions were derived from Table 7: 
• Model 1 has good ability to represent all nitrogen compounds in urban 
stormwater runoff. The average prediction error is close to 8%. 
• Model 2 has good ability to predict DTN from TDS and TOC.  
• Model 3 has a good ability to represent all phosphorus compounds in urban 
stormwater runoff. RPD value which is 7 further confirms the applicability of 
this model. 
• In the case of Model 4, predictive ability using TS and TOC for TP is 
reasonable.  
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• In the case of Model 5, predictive ability using EC and TTU for TS is 
reasonable.  
 
3.3 Development of parameter relationships 
 
Reliable mathematical relationships between key parameters and their surrogate 
parameters can significantly enhance the efficiency of stormwater quality monitoring 
programs as it can reduce the number of water quality parameters to be monitored, 
which in turn reduces analytical costs. Relationships developed in this study were in 
the form of simple linear regressions. A parameter selected as a surrogate for a key 
parameter of interest should be zero when the key indicator also has a zero value. 
Therefore, the relationships derived were in the form of Y = mX (Roberts and 
Withers, 2004). The goodness of fit of the relationships derived can be explained 
using statistical indicators such as coefficient of determination (R2) and standard error 
of estimate (SEE) to the mean (Settle et al., 2007; Roberts and Withers, 2004). A good 
predictive relationship is indicated by high R2 with low SEE. Scatter plots give a good 
estimation of the validity of the relationship derived (Roberts and Withers, 2004). 
Table 8 gives the linear regression relationships developed along with the respective 
R2 and SEE values.  
 
Insert Table 8 
 
As evident in Table 8, the DTN-DOC and TS-TTU relationships provide good 
predictability with satisfactory R2 and SEE values. Relationships, DTN-TDS, TP-TS, 
TP-TOC, TSS-TTU, TDS-EC and TS-EC have reasonable prediction accuracy. 
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Comparing the relationships of TP-TOC and TP-TS, the TP-TOC relationship is 
recommended due to the relatively lower SEE value compared to the latter. 
 
3.4 Portability of the relationships 
 
Portability refers to the degree to which the developed surrogate parameter 
relationships are applicable using a separate data set other than the data set which was 
used to derive the relationships. In this regard, ‘near site portability’ and ‘far site 
portability’ needs to be considered. Near site portability refers to the portability of the 
developed surrogate parameter relationships to sites which are located in close 
geographical proximity to the study sites used to develop the relationships. Far site 
portability refers to the application of the developed relationships to sites where 
appreciable meteorological and geographical differences prevail (Kayhanian et al., 
2007). In this study, the relationships developed were evaluated only for near site 
portability due to the availability of an appropriate data set.  
 
For this purpose, a data set which contains data from three different road surfaces 
which were collected from sites in the same region as the study sites, was employed. 
These sites represented typical characteristics of residential, light industrial and 
commercial areas. The data set was obtained from a different research study which 
was undertaken at Queensland University of Technology. In the comparison study, the 
road maintenance practices were assumed to be similar for all the sites as they are 
maintained by the same local authority. Furthermore, the data collection approach 
including the use of rainfall simulation was similar to the research study. Therefore, 
the use of the second data set to check for near site portability was considered 
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appropriate. The second data set included all the parameters measured in this research 
study, except turbidity. Therefore, the portability was not checked for the 
relationships where turbidity is included (In Table 8, Relationship 5 and 8).  
 
Using the surrogate parameter relationships which are given in Table 8, each key 
parameter (DTN, TP, TDS and TS) was predicted using relevant parameter data from 
the second data set. The predicted values for each parameter were then compared to 
the measured data in the data set. The portability of the relationships derived is 
illustrated in Figure 3. 
 
Insert Figure 3 
 
According to Figure 3 the following can be concluded: 
• Relationship 1, Relationship 2 and Relationship 3 demonstrate good portability.  
• The portability of Relationships 4, 6 and 7 cannot be recommended.  
 
Even though Relationship 1, Relationship 2 and Relationship 3 show good portability, 
some data substantially deviates from the 1:1 line. It is hypothesized that this due to 
the atypical data being present (Kayhanian et al., 2007; Thomson et al., 1997). 
Relationship 4, which is the TP-TOC relationship, does not show good portability. 
This is attributed to differences in the underlying physical processes of pollutant 
build-up and wash-off. In this regard, the fraction of phosphorus compounds in the 
study sites of the second data set could be originating from a non-typical source. For 
example, the data from the industrial site could have also included phosphorus 
generated from the concrete batch plant in the vicinity. Similar site specific sources 
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which resulted in deviations in underlying physical processes of build-up and wash-
off relating to EC could be the reasons for the poor portability of Relationship 6 and 7.  
 
In the case of relationships which are considered to be portable, the relationship 
coefficient (m) and coefficient of determination (R2) obtained for the second data set 
should be identical to the values obtained from the study. However, in practice exact 
portability of the relationships is unlikely (Thomson et al., 1997). Therefore, 
relationships were developed separately for the second data set. Table 9 provides a 
comparison of (m) and (R2) for each relationship developed using the two data sets.  
 
Insert Table 9 
 
It is hypothesized that the differences in relationship coefficients as evident in Table 9 
could be due to reasons such as: 
• differences in the degree of correlation between a key parameter and its 
surrogate parameter (Grayson et al., 1996);  
• differences in the pollutant build-up process due to site specific characteristics 
such as industrial emissions and traffic characteristics (Bertrand-Krajewski, 
2007); 
• differences in wash-off behaviour due to physical characteristics such as surface 
texture (Thomson et al., 1997); 
• the influence of site-specific physical characteristics such as drainage area and 
impervious area fraction which were not investigated in this study. 
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4 Conclusions 
 
• Rainfall simulation helped to overcome common constraints associated with the 
use of natural rainfall data in the development of robust surrogate parameter 
relationships for key water quality parameters. 
• The study identified the following surrogate parameters that could be employed 
in determining nitrogen, phosphorus and solids concentration in road runoff: 
1. For nitrogen compounds (DTN) - TDS and DOC 
2. For phosphorus compounds (TP) - TS and TOC 
3. For TSS - Turbidity 
4. For TDS - EC 
5. For TS - Turbidity and EC 
• Relationships obtained for DTN-TDS, DTN-DOC and TP-TS demonstrated 
good near site portability. However, it is important to note that even for near site 
portability of these relationships, there can be difficulties. These primarily relate 
to the fact that not all of the factors which influence the underlying physical 
processes of pollutant build-up and wash-off can necessarily be taken into 
consideration.   
• Therefore, it is important to note that the transferability of parameter 
relationships between different geographical locations may not necessarily be 
straight forward. It is essential that the underlying uncertainty is always assessed 
in order to make a conscious choice in terms of decision-making.  
• The portability of the relationships developed for TP-TOC, TDS-EC and TS-EC 
was found to be unsatisfactory. This underlines the fundamental differences in 
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the influence exerted by parameters such as TOC and EC in defining processes 
such as pollutant build-up and wash-off.      
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Table 1 - Intensities and durations adopted for the rainfall simulations 
Rainfall Intensity 
(mm/hr) 
Rainfall Duration (min) 
Event 1 Event 2 Event 3 Event 4 
20 
40 
65 
86 
115 
135 
10 
10 
10 
10 
5 
5 
20 
15 
15 
15 
10 
10 
30 
25 
20 
20 
15 
15 
40 
35 
30 
25 
20 
20 
 
 
 
 
 
Table 2 - Pollutant build-up loads at study sites 
Site ID 
 
Pollutant build-up Load (mg) 
TS TOC NO2- NO3- TKN TN PO43- TP 
Drumbeat Street 7785.45 218.75 0.09 5.69 63.64 69.43 21.27 23.39 
Ceil Circuit 2884.41 58.01 0.00 2.46 25.61 28.06 4.74 5.46 
Note: TS- Total solids; TOC- Total organic carbon; NO2-- Total nitrite-nitrogen; NO3-- Total nitrate- 
nitrogen; TKN- Total kjeldahl nitrogen; TN- Total nitrogen; PO43-- Phosphates; TP- Total phosphorus.  
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Table 3 - Correlation matrix of parameters subject to  principal component 
analysis 
 
Note: TTU- Turbidity; EC- Electrical conductivity; TNO2- Total nitrite-nitrogen; DNO2- Dissolved 
nitrite-nitrogen TOC- Total organic carbon; DOC- Dissolved organic carbon; TNO3- Total nitrate- 
nitrogen; DNO3- Dissolved nitrate- nitrogen; TKN- Total kjeldahl nitrogen; DKN Dissolved kjeldahl 
nitrogen -TN- Total nitrogen; DTN- Dissolved total nitrogen; TSS- Total suspended solids; TDS- Total 
dissolved solids; TS- Total solids; TPO4- Total Phosphates; DPO4- Dissolved Total Phosphates; TP- 
Total phosphorus; DTP- Dissolved total phosphorus. 
 
 
 
 
Table 4 - Mean concentrations of nitrogen compounds 
Site ID 
Nitrogen parameter (mg/L) Particulate % 
TN DTN TN 
Drumbeat Street 2.82 2.23 20 
Ceil Circuit 3.13 2.15 32 
Note: TN- Total nitrogen; DTN- Dissolved total nitrogen. 
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Table 5 - Mean concentrations of phosphorus compounds 
Site ID 
Phosphorus parameter (mg/L) Particulate % 
TPO43- DPO43- TP DTP PO43- TP 
Drumbeat Street 0.45 0.19 0.56 0.22 58 60 
Ceil Circuit 0.20 0.08 0.28 0.10 62 64 
Note: TPO43-- Total Phosphates; DPO43-- Dissolved Total Phosphates; TP- Total phosphorus; DTP- 
Dissolved total phosphorus. 
 
 
Table 6 - Potential surrogate parameters for nitrogen, phosphorus and solids  
Constituent Key indicator Potential surrogate parameter 
Nitrogen Dissolved total nitrogen(DTN) Total dissolved solids (TDS) 
Dissolved organic carbon (DOC) 
Phosphorus Total phosphorus (TP) Total solids (TS) 
Total organic carbon (TOC) 
Solids Total suspended solids (TSS) Turbidity(TTU) 
Total dissolved solids (TDS) Electrical conductivity (EC) 
Total solids (TS) Turbidity (TTU) 
Electrical conductivity(EC) 
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Table 7 - Calibration and prediction results for the models 1 
Model Response 
variable (Y) 
Predictor variables 
(X) 
No of 
samples 
 
Calib. 
R2 
 
SECV No of samples 
in validation 
Pred. r2 SEP RPD 
1. DTN DTN TNO2, DNO2, 
TNO3, DNO3, TKN, 
DTKN, TN 
32 0.96 5.29 
 
 
32   0.93 9.80 3.3 
2. DTN-
surrogate 
DTN TDS, DOC 32 0.77 14.74  32  0.94 8.28 4.0 
3. TP TP TPO4, DPO4, DTP 32 0.92 6.95 
 
32   0.98 3.52 7.0 
4. TP-
surrogate 
TP TS, TOC 32 0.61 14.40 
 
32  0.60 16.07 1.6 
5. TS-
surrogate 
 
TS EC, TTU 32 0.30 12.41 
 
32   0.65 13.79 1.8 
 2 
 3 
 4 
 5 
 6 
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Table 8 - Surrogate parameter relationships  1 
Key 
parameter 
(Y) 
Relationship 
number 
Surrogate parameter 
(X) 
Relationship 
Y = mX 
 
R2 
Data 
points 
(N) 
SEE (%) 
DTN 
1 TDS DTN (mg/L) = 0.013TDS (mg/L) 0.82 52 49 
2 DOC DTN (mg/L) = 0.138DOC (mg/L) 0.92 63 34 
TP 
3 TS TP (mg/L) = 0.002TS (mg/L) 0.84 57 48 
4 TOC TP (mg/L) = 0.020TOC (mg/L) 0.86 59 45 
TSS 5 TTU TSS (mg/L) = 1.982TTU (NTU) 0.82 60 58 
TDS 6 EC TDS (mg/L) = 2.195EC (µS/cm) 0.82 57 48 
TS 
7 EC TS (mg/L) = 2.735EC (µS/cm) 0.86 58 43 
8 TTU TS (mg/L) = 14.281TTU (NTU) 0.90 52 36 
 2 
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Table 9 - Relationship coefficient (m) and coefficients of determination (R2) for 
the regression relationships 
Data set Relationship coefficient 
(m) 
Coefficient of 
determination (R2) 
Relationship 1               DTN (mg/L) = m1TDS (mg/L) 
Research study 0.013 0.82 
Second data set 0.006 0.81 
   
Relationship 2               DTN (mg/L) = m2DOC (mg/L) 
Research study 0.138 0.92 
Second data set 0.195 0.98 
   
Relationship 3               TP (mg/L) = m3TS (mg/L) 
Research study 0.002 0.84 
Second data set 0.003 0.93 
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List of Figures 
 
Figure 1 - Schematic of the rainfall simulator (Adapted from Herngren et al. 2005) 
Figure 2 - PCA biplot for all physico-chemical parameters  
Figure 3 - Evaluation of the portability of the relationships derived 
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Figure 1 - Schematic of the rainfall simulator (Adapted from Herngren et al. 
2005) 
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Note: TTU- Turbidity; EC- Electrical conductivity; TNO2- Total nitrite-nitrogen; DNO2- Dissolved 
nitrite-nitrogen TOC- Total organic carbon; DOC- Dissolved organic carbon; TNO3- Total nitrate- 
nitrogen; DNO3- Dissolved nitrate- nitrogen; TKN- Total kjeldahl nitrogen; DKN Dissolved kjeldahl 
nitrogen -TN- Total nitrogen; DTN- Dissolved total nitrogen; TSS- Total suspended solids; TDS- Total 
dissolved solids; TS- Total solids; TPO4- Total Phosphates; DPO4- Dissolved Total Phosphates; TP- 
Total phosphorus; DTP- Dissolved total phosphorus. 
Figure 2 - PCA biplot for all physico-chemical parameters  
Vacuum caner for sample 
llection 
3m2 plot area 
Catch tray 
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Relationship 1 - DTN-TDS   Relationship 2 - DTN-DOC                   
 
        
Relationship 3 - TP-TS   Relationship 4 - TP-TOC  
              
Relationship 6 - TDS-EC    Relationship 7 - TS-EC 
Figure 3 - Evaluation of the portability of the relationships derived 
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